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Introduction
In November 2022, ChatGPT achieved what no technology in history 
had accomplished: reaching one million users within five days and 
100 million users within two months of launching (Hu, 2023). The 
rapid development of large language models (LLMs) and generative 
artificial intelligence (GenAI) systems has alarmed many people given its 
disruptive effects on education and labour markets. Governments are 
concerned about environmental costs, misinformation, cybersecurity, 
and potential undermining of democratic processes (UK Government, 
2025; US Government Accountability Office, 2025). These same 
government reports highlight opportunities, including productivity 
gains, innovation acceleration, economic growth, and scientific 
advancement. Across the landscape of threats and opportunities, there 
is no sense of a Hegelian ideal synthesis; instead, the feeling is one of 
imbalance associated with rapid change: the same technology that 
could revolutionise industries and accelerate scientific progress also 
poses existential risks to the stability of society and sustainability of our 
environment. This paper addresses these tensions from a psychological 
perspective, presenting a framework based on established teamwork 
principles to guide human-AI collaboration in both workplace and 
learning contexts.

The workplace implications of GenAI point to patterns of both 
job displacement and collaborative opportunity. The idealised 
organisational scenario presents AI as a helpful teammate, but the 
threat that lurks provokes horror: the AI teammate replaces the human 
altogether. Landers et al. (2025) note that occupations requiring 
advanced cognitive abilities face varying degrees of displacement risk 
depending on their complementarity with AI. High complementarity 
jobs are those where both human and AI capabilities work together 
in constructive partnerships (e.g., doctors combining their expert 
judgment and skill with helpful AI diagnostics); in low complementarity 
jobs AI may replace human tasks with minimal quality loss (e.g., 
telemarketing). Redesigning jobs for high complementarity requires 
coordination among diverse stakeholders (e.g., AI developers, 
organisational leaders, front-line workers), who each bring distinct 
motivations, expertise, and needs to the design table. However, Landers 
and colleagues argue that rapid GenAI developments currently outstrip 
the development of adequate legal and ethical frameworks, creating a 
regulatory lag that leaves front-line workers and organisational leaders 
vulnerable during this period of radical change.

An increasing number of well-publicised GenAI use cases highlight 
potential productivity gains for individuals (see Kearney et al., 2025). 
The suggestion is that GenAI has the potential to transform Human-
AI teamwork (HAT). Interaction designers are moving beyond pre-
programmed, rule-governed protocols to a situation where human 
neural networks interact in more dynamic ways with LLM “neural 
networks” capable of natural language understanding, creative 
generation, and contextual reasoning (Brynjolfsson et al., 2023). But 
as GenAI capabilities advance and workplace adoption accelerates, 
our education systems struggle to respond. Many universities have 
naturally resisted the import of GenAI tools given the risk of copy-
paste behaviour for standard written assignments (Dong et al., 2025). 
Traditional education and training remain largely focused on individual 
learning outcomes grounded in traditional tool-based interaction. 
Human teamwork and collective intelligence skills, and HAT skills, have 
not been prioritised (Casebourne et al., 2025; Hogan et al., 2023). 

GenAI and Productivity?
A close reading of GenAI research reveals mixed findings and 
an obvious productivity paradox. While some studies highlight 
performance and productivity benefits, other studies reveal clear 
costs. For example, Dell’Acqua and colleagues (2025) report enhanced 
productivity (reduced time on task) and performance (higher 
quality outputs) when employees worked with GenAI in a product 
innovation task. Similar benefits appear in professional writing (Noy & 
Zhang, 2023) and code generation (Peng et al., 2023). But the costs of 
partnering with GenAI are noticeable when we focus on broader HAT 
dynamics. For example, Wu and colleagues (2025) found that when 
human participants collaborated with GenAI systems, it reduced 
their intrinsic motivation in subsequent solo work. GenAI may also 
reduce e!ortful critical thinking through cognitive o!oading (Gerlich, 
2025). Furthermore, as people gain experience with AI systems, initial 
enthusiasm can turn to distrust as limitations emerge (Pan et al., 2025). 
None of these human dynamics are conducive to e!ective teamwork 
in organisations: intrinsic motivation, critical thinking, and trust are 
essential to sustain quality teamwork.

Unfortunately, research on GenAI collaboration rarely reflects on 
broader design requirements for e!ective teamwork in organisations. 
Most studies treat GenAI as an interactive tool and focus on task 
performance, not on teamwork (Kearney et al., 2025). If GenAI is 
going to work in real organisations, we need to reflect on its role as 
a potential teammate. This has implications for HAT education and 
training design. 

Teamwork is King
It is useful to take a closer look at the study by Dell’Acqua and colleagues 
(2025), “The Cybernetic Teammate: A Field Experiment on Generative AI 
Reshaping Teamwork and Expertise”. This highly cited study sought to 
examine HAT in a real-world, product innovation context (see Siwek 
et al., 2025). In the study, a group of professionals working at Procter & 
Gamble came together for a full day to focus on product innovation. 
They were assigned to work with or without access to GenAI. Four 
working conditions were examined: (1) Individual working without AI; 
(2) Individual working with AI; (3) Two-person team without AI; and (4)
Two-person team with AI. The AI system was based on GPT-4 accessed 
through Microsoft Azure. 

The key findings of the study were as follows: 

1) AI enhanced performance and productivity: Teams of two people 
using AI achieved the highest level of product innovation solution 
quality, followed by solo workers with AI, and teams working without AI 
assistance. Individuals working with AI showed the greatest reductions 
in time on task, with teams of two people using AI close behind.

2) AI helped participants bridge knowledge domains: Quality 
product innovation required integrating both Research & Design and 
Commercial knowledge. Without AI support, participants created 
solutions that reflected their professional background (typically either 
research & design or commercial expertise), whereas AI users developed 
more integrated solutions combining both knowledge areas.
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3) Working with AI increased participants’ positive emotions:  
AI-supported teams reported the highest emotional satisfaction, 
while individuals with AI matched or surpassed teams working alone.

Overall, the results of the study indicate that GPT-4 collaboration 
improved product innovation outcomes. Crucially, when examining 
the top 10% highest quality solutions, teams working with AI were 
more likely to produce these solutions compared with individuals 
working with AI. These findings suggest that teamwork is king. At 
the same time, although Dell’Acqua and colleagues describe GenAI 
as a “cybernetic teammate”, the study protocol suggests that GPT-
4 operated more like an interactive tool supporting ideation and 

reflection rather than a true teammate. Genuine teamwork involves 
role negotiation, emergent coordination, interdependent goal pursuit, 
and mutual influence. Conceptualising GenAI as a team member, 
therefore, requires distinct analytical and design considerations.

A Framework for Analysing Human-AI teamwork
In working on this topic, our aim bas been to develop a framework for 
considering HAT. In Figure 1, we highlight four levels of analysis that 
are important to consider when designing and evaluating HATs, with 
each of the levels describe in turn, from top to bottom. 

Figure 1. A Framework for Analysing Human-AI Teamwork 
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Level 1 - Task-process architecture
Before designing and evaluating any HAT work process, we need to 
understand the task-process architecture. The Cybernetic Teammate 
study focuses on product innovation, but it does not present a 
detailed task-process analysis related to distinct and interdependent 
human and AI roles involved in product innovation. Two established 
models are useful here: McGrath’s task circumplex and Steiner’s task 
taxonomy (see Forsyth, 2014). 

McGrath’s model is used to analyse teamwork tasks across cooperation-
con"ict and conceptual-behavioural dimensions. The model highlights 
four task types – generate, choose, execute, negotiate – each of 
which may manifest in any given HAT scenario. GenAI may be helpful 
or problematic across di!erent task-process scenarios. Generate 
tasks involving creativity, ideation, or content creation may benefit 
from teamwork dynamics that leverage AI’s generative capabilities. 
However, patterns of cognitive o!oading highlight the challenge 
of preserving human creative inputs in HAT scenarios. Choose tasks 
involving selection among alternatives can draw upon (criterion-
based) outputs from GenAI. However, choose tasks also present 
challenges for HAT, including how best to agree selection criteria 
and implement voting rights and rules. Negotiate tasks involving 
conflict resolution, stakeholder management, or consensus building 
require significant human leadership given current AI limitations 
in understanding interpersonal dynamics, cultural contexts, and 
emotional intelligence requirements. Execute tasks may benefit from 
complementary human skill and AI application efficiency, for example, 
where AI handles routine processing, pattern recognition, and 
information integration while humans manage exceptions, quality 
control, and adaptive responses to unexpected situations. However, 
monitoring and oversight of AI-executed tasks can be challenging as 
part of the broader workload and management of HATs. 

The product innovation task used by Dell’Acqua and colleagues largely 
involves a series of generate task functions (i.e., iterative creative 
ideation and deliberation), but also a series of choose task functions, 
as individuals and teams converge on the best product innovation 
solutions. However, without a detailed task-process analysis, it is 
unclear how generate, choose, execute, and negotiate task functions 
are operative in the teamwork scenario. 

A task-process analysis is important because, without it, we cannot 
anticipate and respond to teamwork coordination challenges. For 
instance, the relationship between choice and trust in HATs is complex. 
In one study focused on three-member teams, Hu and colleagues 
(2025) asked engineering students to design a bridge structure in a 
virtual collaborative setting with two AI teammates named Alex and 
Taylor. Each team member had equal voting rights when making 
decisions about the next best design move when building the bridge 
structure. Interestingly, when AI teammates outvoted students 
on design decisions, the students showed remarkable emotional 
neutrality – quite di!erent from the conflict typically seen in human-
only teams (see King & Hogan, 2025). This calm acceptance masked 
concerning HAT dynamics. Notably, students also gained confidence 
when outvoted by poor-performing (as opposed to high-performing) 
AI teammates. These dynamics suggest that choose task functions 

require careful attention to trust calibration and maintaining critical 
leadership oversight of HAT decision-making (see Level 4).

Steiner’s task taxonomy asks us to reflect further on issues of task 
divisibility, interdependence, and performance criteria. Divisibility 
determines whether human and AI team members can work on 
separate task components, or does teamwork centre on a unitary (i.e., 
indivisible) task. Interdependence analysis clarifies how human and AI 
contributions combine (e.g., does it involve simple additive processes 
or more complex coordination). In the Cybernetic Teammate study, 
it is unclear how GenAI might be working independently, and the 
study lacks detailed interdependence analysis, though participants 
retained substantial AI-generated content in solutions. Analysing 
tasks in terms of divisibility and interdependence is important for 
maintaining critical oversight in both organisations and educational 
institutions. Task design profoundly shapes HAT e!ectiveness. Designs 
allowing unlimited AI access for essay writing can lead students to 
request complete texts, creating a unitary task with minimal human 
intellectual engagement (Luther et al., 2024; see Dong et al., 2025). In 
contrast, designs constraining AI access to one team member during 
fast-paced debates force collaborative coordination where students 
actively filter and refine AI outputs rather than accepting them 
wholesale (Zhang et al., 2025; see Farrell et al., 2025). 

Steiner’s taxonomy also highlights the importance of clarifying 
performance criteria: whether HATs should optimise for quantity or 
quality. While Dell’Acqua and colleagues were primarily interested 
in product solution quality, it is unclear how the prompts (i.e., task 
instructions) given to humans and AIs aligned with the quality criteria 
used to evaluate solutions. 

Level 2 - Teamwork behaviours
Level 2 in our framework focuses on teamwork behaviours. The Big 
Five teamwork model developed by Salas and colleagues (2005) 
identifies five core features of effective teamwork: 

•  Team leadership: Directing and coordinating activities, assessing 
performance, assigning tasks, motivating members, and clarifying roles.

•  Mutual performance monitoring: Developing common 
understanding of the team environment and monitoring teammate 
performance to identify mistakes and provide corrective feedback.

•  Backup behaviour: Anticipating other team members’ needs and 
redistributing workload to achieve balance during high-pressure 
periods.

•  Adaptability: Adjusting strategies based on environmental information 
by identifying cues that change has occurred, assigning meaning, and 
developing new plans.

•  Team orientation: Taking others’ behaviour into account during 
interaction and prioritising team goals over individual goals through 
information sharing and participatory goal setting.

These behaviours are sustained and coordinated by mutual trust, 
closed loop communication, and shared mental models (see Figure 
1). Notably, the Cybernetic Teammate study does not analyse these 
teamwork behaviours. Dell’Acqua and colleagues interpret positive 
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emotional outcomes as evidence of GenAI emulating the social 
benefits of teamwork. However, their approach to analysis does not 
address trust and team orientation, which are central to e!ective 
teamwork. Establishing trust in teamwork scenarios is challenging 
and requires some calibration with objective team performance. 
Aschenbrenner et al. (2024) argue that humans need to trust AI systems 
before those systems can actually boost productivity. However, trust 
dynamics in AI collaboration can be paradoxical, with confidence 
levels a!ecting acceptance of AI suggestions in ways that often lead 
to poor outcomes (see Kearney, Siwek, and Hogan, 2025). In general, 
there are challenges calibrating human trust in AI such that it aligns 
with objective HAT performance and developing situationally aware 
AI teammates that can adapt in response to performance feedback 
(see Zhang & Hogan, 2025). 

Level 3 - Team development 
A shortcoming of The Cybernetic Teammate study and other GenAI 
studies focused on performance and productivity is their limited 
analysis of team development dynamics. The team development 
model proposed by Wang and colleagues (2025) highlights how HATs 
may evolve through di!erent phases: (a) team formation, (b) task-role 
development, (c) team development, and (d) team improvement. 
Team formation involves capability mapping and identity negotiation, 
as humans may need to reconceptualise their professional identity 
and primary capabilities to allow for AI partnerships while maintaining 
essential human functions. Task-role development highlights changes 
in task-process architectures, implying dynamic capability matching 
based on real-time assessment of task demands and environmental 
challenges. Team development focuses on building working 
relationships that accommodate the unique (and often asymmetric) 
nature of human-AI interaction, developing e!ective teamwork 
behaviours around when to collaborate, which team member 
to engage, and what support to provide. By calibrating trust and 
establishing responsible reliance, teams develop collective efficacy 
and shared mental models that guide coordination and backup 
behaviour. Finally, team improvement emphasises adaptive capacity 
building and continuous learning, creating self-managing and self-
regulating teams capable of distributed leadership.

Again, the Cybernetic Teammate study does not analyse any of these 
human-AI team development dynamics. By focusing on a one-day 
workshop, the study takes a snapshot at a single point. The primary 
focus appears to be task-role development – developing role clarity, 
capability awareness, and managing task allocation. However, the 
supporting process is not fully specified.

Level 4 - Human critical leadership
The final level in our analytical framework focuses on human critical 
leadership. Leadership is an essential function within organisations 
(Yukl & Gardner, 2020), not only in facilitating e!ective teamwork but 
also in providing oversight of HATs and deciding whether they should 
be included in any organisational process. In Figure 1 we specify five 
dimensions of human critical leadership. Re"ective oversight involves 
meta-cognitive monitoring of both AI system performance and 
team e!ectiveness, representing a distinctively human capability 
that cannot be delegated to AI systems. Ethical stewardship ensures 

that the operation of HATs serves human values and organisational 
purposes rather than optimising for metrics that may conflict with 
broader objectives. Strategic vision maintains long-term perspective 
and purpose that guides collaboration toward meaningful objectives 
while preserving human agency in defining goals and directions. 
Relationship management builds and maintains the social capital 
essential for organisational e!ectiveness while preserving human 
connection and community in AI-mediated work environments. 
Planning and task management involves the systematic organisation 
and coordination of work processes and draws upon distinctively 
human capabilities for contextual interpretation and adaptive 
resource allocation, ensuring that workflow structuring serves 
strategic objectives. 

Critical leadership functions are recognised as important in the 
governance and redesign of organisational systems. Building from 
a lifespan developmental perspective (Hogan et al., 2023), critical 
leadership functions are urgently needed in educational institutes 
to support learning and adaptation in response to rapid GenAI 
developments. Research in critical studies of AI and education 
highlights how AI systems risk displacing the collective meaning-
making and democratic participation at the heart of pedagogical 
practice (Holmes et al., 2025), with cumulative negative e!ects for 
workplace dynamics and governance. Educational AI implementations 
often embed market logics and efficiency metrics that conflict with 
the slower, more relational processes essential for learning and human 
development. These threats to collective meaning-making imply the 
need for sustained human oversight to preserve educational values 
over algorithmic optimisation. AI system complexity can undermine 
critical analysis and democratic accountability, making reflective 
oversight essential for institutional integrity. Without renewed e!orts 
to cultivate these critical leadership functions, educational institutions 
risk becoming sites of technological experimentation rather than 
spaces for collective agency, democratic participation, and meaningful 
human connection.

In summary, Level 4 in our framework points to essential human 
functions that cannot be delegated to AI systems. Reflecting again on 
the Cybernetic Teammate study, it is unclear how an organisation like 
Procter & Gamble will operationalise Level 4 functions at part of HAT. 
In educational contexts, we have noted that over-reliance on AI risks 
eroding students’ critical thinking skills through reduced cognitive 
e!ort (Dong et al., 2025). While carefully constrained HAT interaction 
designs can foster critical cognitive engagement (Zhang et al, 2025), 
the broader education and workplace challenges require careful 
consideration. For example, as GenAI capabilities develop, how do we 
sustain interaction designs that prioritise human ethical-critical design 
thinking as fundamental to HAT dynamics. Delivering and sustaining 
these interaction designs is a core task-process requirement for 
human critical leadership across diverse organisational contexts. 

We are Only Human
Ideally, e!ective teamwork helps us to recognise and address our 
individual limitations (Salas et al., 2005). E!ective teamwork behaviours 
include mutual performance monitoring and backup behaviour: 
teammates help us maintain vigilance, identify errors, and provide 
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backup support. From a team development perspective, it takes time 
for e!ective teamwork behaviours to emerge and to calibrate trust 
and confidence. The problem of misplaced confidence can be acute 
when inexperienced humans work with AIs that appear competent 
and confident. 

A recent emergency response study revealed shocking gaps between 
human confidence in AI performance and actual team e!ectiveness 
(Grace et al., 2025). In the study, university participants provided first 
aid to a bleeding (mannequin) patient while receiving instructions 
from ChatGPT configured as a 911 (emergency) operator. Critically, 
only 20% of human-AI teams achieved e!ective performance. Despite 
this poor performance, students reported high self-efficacy and 
moderate-high team trust. Analysis of the 911 interactions revealed 
a static leader-follower dynamic where humans largely followed AI 
instructions without critical evaluation. Critically, the scenario created 
pressure where humans clearly deferred to AI authority given the role-
structured interaction design (see O’Brien & Hogan, 2025). This use 
case scenario is deeply disturbing and points to broader challenges in 
the design and development of e!ective HATs. 

Implications for Educational Transformation
The framework presented in this paper highlights the scope of 
educational transformation needed to prepare individuals for HATs. 
A key starting point is stronger focus on groupwork and teamwork. 
A move from monological to more dialogical modes of learning is 
important for developing core teamwork and collective intelligence 
skills (Hogan et al., 2023). Educators and students need to understand 
the preconditions for e!ective teamwork with AI partners, including 
task-process analysis to understand key roles and functions. HAT 
training across diverse projects is needed to cultivate e!ective 
teamwork behaviours unique to HATs. As AI capabilities evolve, meta-
cognitive, ethical, and design thinking skills must be cultivated on an 
ongoing basis to build and sustain critical leadership skills.

The pace of GenAI advancement necessitates educational approaches 
that begin in primary education and continue throughout all levels. 
Unlike previous technological transitions, GenAI capabilities are 
evolving rapidly, requiring urgent adaptation. Educational systems 
must prepare individuals not merely for current AI capabilities but 
for ongoing evolution as AI systems advance. Psychology is uniquely 
positioned to guide this transformation, drawing on established 
theories of learning, cognitive development, and social interaction to 
design e!ective HAT education. Understanding how humans acquire 
skills, develop metacognitive awareness, and function in teams 
provides the essential foundation for preparing learners to work 
e!ectively with AI.

Toward Collective Intelligence in the GenAI Era
The emergence of GenAI reveals threats and opportunities for human 
collective intelligence. While GenAI systems o!er capabilities for 
augmenting human cognition and enabling new forms of collective 
problem-solving, research and practice to date has prioritised short-
term productivity gains over long-term human development. Our 
analysis points to a collective intelligence preparedness gap: limited 

availability of HAT training programmes and systemic inadequacy of 
educational approaches designed largely for individual intelligence. 
The framework we present highlights four levels across which 
design thinking needs to be oriented to embrace and shape this 
transformation. This journey requires sustained commitment 
to developing human capabilities alongside technological 
advancement. The stakes extend beyond immediate productivity 
gains to fundamental questions about human agency, collective 
capacity, and our ability to shape a future that enhances rather than 
diminishes human potential in an AI-infused world.
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